ABSTRACT This paper considers the transmit linear precoding problem for a multiple-input-multipleoutput system with simultaneous wireless information and power transfer (SWIPT), where we assume that the transmitter only has statistical channel state information. The optimal precoder is designed based on maximizing the lower bound of average mutual information under the constraints of transmitting power and harvested energy level. Different from previous works on SWIPT, this paper formulates the design from the standpoint of realistic communication systems with finite-alphabet input signals instead of Gaussian input signals. The formulated problem is NP-hard, so a globally optimal solution cannot be found with polynomialtime complexity. However, by exploiting the structure of the problem, we develop two algorithms to obtain a near optimal solution, among which one is based on a semidefinite relaxation (SDR) technique and the other is based on power allocation. The SDR-based algorithm has more extensive applicability, while the powerallocation-based algorithm offers higher efficiency. The simulation results show the efficacy of the proposed algorithms.
I. INTRODUCTION
As an emerging technology, simultaneous wireless information and power transfer (SWIPT) not only transports information but also collects energy from radio frequency (RF) signals to provide potentially perpetual energy supply to communication systems. Because of these advantages, SWIPT has become a hot research topic in recent years [1] .
In SWIPT systems, there exists a performance tradeoff between information transmission and energy harvesting, and it is challenging to achieve the optimum performance in both aspects. Usually, this tradeoff is formulated as an optimization problem. The research on SWIPT started with the point-to-point single-antenna systems. In [2] , a singleantenna system with SWIPT was firstly studied from an information-theoretic viewpoint. Then, the research was extended to multiple-input multiple-output (MIMO) systems. Zhou et al. [3] and Liu et al. [4] investigated different strategies maximizing the information rate while satisfying the harvested energy requirement for SWIPT-enabled MIMO systems. Afterwards, [5] and [6] designed the linear precoder to achieve the tradeoff between rate and energy over a two-user MIMO interference channel, while [7] and [8] provided several efficient transmission strategies over K -user MIMO interference channel. Dong et al. [9] investigated massive MIMO systems with SWIPT and proposed a general solving framework to achieve the maximum rate. Recently, studies on SWIPT systems have been extended to more scenarios, for example, in [10] and [11] for secure communication, in [12] for cognitive radio system, and in [13] for full-duplex system.
Existing works on SWIPT mentioned above are performed based on the systems with Gaussian-input assumption. However, in practical systems, input signals are often taken from finite-alphabet constellation sets such as phase shift keying (PSK) or quadrature amplitude modulation (QAM), which are non-Gaussian distributed. Due to the difference between Gaussian signals and finite-alphabet signals, obvious performance loss occurs when the algorithm design based on Gaussian inputs is applied to the systems with finitealphabet inputs [14] , [15] . To maximize the mutual information over independent parallel Gaussian channels with finite-alphabet inputs, [14] provided an optimal algorithm called mercury-waterfilling. For general MIMO channels, [15] developed an optimal precoder design; subsequently, in [16] , the complexity of designing the optimal precoder was significantly reduced by using the lower bound of mutual information. The research in [15] and [16] was performed based on the assumption that the transmitter has perfect channel state information (CSI). When the transmitter only knows the statistical characteristic of MIMO channels, the optimal precoder design was studied in [17] . Zeng et al. [18] and Wu et al. [19] designed optimal precoders achieving the maximum mutual information for cognitive radio networks and massive MIMO, respectively. Their results also verified the superiority of the precoder, which is designed based on finitealphabet inputs instead of Gaussian inputs, in the practical systems with finite-alphabet inputs.
In previous work [20] , the precoder design was developed for a MIMO system with SWIPT and finite-alphabet inputs, where the transmitter was assumed to know perfect CSI. In practical systems, however, the transmitter sometimes only knows the statistical CSI. This paper focuses on the precoder design in this case. To find the optimal precoder with only statistical CSI available at the transmitter, we first analyze the average mutual information and its lower bound; the lower bound plus a constant is a very accurate approximation to the average mutual information. Then, an optimization problem is formulated, where the objective is to maximize the lower bound of the average mutual information from the transmitter to the information receiver under the constraints of transmit power and average harvested energy level. The formulated optimization problem is NP-hard, so no existing algorithm can find the global optimal solution with the polynomialtime complexity. However, by analyzing the structure of the formulated problem, we develop two algorithms to achieve a near optimal solution of the NP-hard problem. The first algorithm transforms the NP-hard problem to a semidefinite programming (SDP) problem, and then the semidefinite relaxation (SDR) technique is used to directly obtain a near optimal precoder; the second algorithm transforms the NPhard problem to a power allocation problem in which the optimization variable is a simple diagonal matrix. Both the transformed problems are concave maximization problem, which can be solved using general purpose solvers or interiorpoint method (IPM). The proposed algorithms have their own advantages, respectively; the former has more extensive applicability while the latter exhibits higher efficiency. Simulation results verify the efficacy of the proposed algorithms.
The main contributions of this paper are as follows: First, we investigate the linear precoder design in a new SWIPT MIMO scenario with finite-alphabet inputs, where the transmitter only knows the statistics of energy harvesting channel and information decoding channel. Based on the statistical CSI, our objective is to maximize the average mutual information under the constraints of transmit power and average harvested energy. To simplify the objective function, and also to provide convenience for problem solving, we derive the lower bound expression of average mutual information and use it as the objective function.
Second, after analysis, we show that both the objective and constraint functions can be transformed equivalently to expressions with respect to a rank one symmetric positive semidefinite (PSD) matrix. Thus, the formulated optimization problem can be rewritten as an optimization problem with respect to a symmetric PSD matrix. Based on this, an SDR algorithm is proposed to achieve a near optimal solution.
Third, for the formulated optimization problem, we prove that the left singular vectors of the optimal precoder can always be chosen to be the same as the eigenvectors of the transmit correlation matrix. Also, it is proved that the optimization problem is actually a concave problem with respect to the diagonal matrix of the precoder. According to these two results, a power-allocation-based algorithm is proposed.
The paper is organized as follows. Section II describes the system model and problem formulation. Section III provides two precoder designs, among which, one is based on SDR technique, and the other is based on power allocation. Section V provides the simulation results and Section VI concludes this paper.
Notation: Boldface uppercase and lowercase letters denote matrices and column vectors, respectively, and italics denote scalars. The superscript (·) H and (·) T represents Hermitian and transpose operations, respectively; Tr(·) denotes the trace of a matrix; E x (·) represents the expectation over x; · denotes the Euclidean norm; C and R stand for the complex and real spaces, respectively; log and ln denote the base two logarithm and natural logarithm, respectively; I and 0 denote an identity matrix and a zero matrix of appropriate dimensions, respectively; A ⊗ B denotes the Kronecker product of two matrices; vec(·) represents the vector obtained by stacking the columns of a matrix; and are the real and image parts of a complex value, respectively; A 0 is a symmetric PSD matrix, while a 0 is a vector with nonnegative components. Finally, we use S to denote the set of symmetric matrices.
II. SYSTEM MODEL AND PROBLEM FORMULATION
Consider an SWIPT-enabled MIMO system over frequency flat fading channels with one transmitter, one information decoding (ID) receiver, and Q energy harvesting (EH) receivers, as shown in Fig. 1 . Assume M T , M ID , and M EH,q , q = 1, 2, . . . , Q, to be the number of antennas at the transmitter, the ID receiver, and the q-th EH receiver, respectively. Let H EH,q ∈ C M EH,q ×M T , q = 1, 2, . . . , Q, and H ID ∈ C M ID ×M T be the channels from the transmitter to the q-th EH receiver and the ID receiver, respectively; let x ∈ C M T ×1 denote the input signal with zero mean and covariance E(xx H ) = I; let r EH,q ∈ C M EH ×1 , q = 1, 2, . . . , Q, and r ID ∈ C M ID ×1 denote the received signals at the q-th EH and ID receivers, respectively. Then the input-output relationships over the ID and q-th EH channels are, respectively, given by
and
where W ∈ C M T ×M T represents the precoder; v EH,q ∈ C M EH,q ×1 and v ID ∈ C M ID ×1 are the additive white Gaussian noise (AWGN) with zero mean and covariance
For doubly correlated MIMO channels, the channel matrices H ID and H EH,q can be, respectively, modeled as [21] H ID = 
whereH EH,q ∈ C M EH,q ×M T andH ID ∈ C M ID ×M T are complex matrices with independent and identically distributed (i.i.d.) zero-mean and unit variance Gaussian entries; T ∈ C M T ×M T 0 is the transmit correlation matrix; EH,q ∈ C M EH,q ×M EH,q 0 and ID ∈ C M ID ×M ID 0 denote the receive correlation matrices for the q-th EH and ID receivers, respectively.
From eigenvalue decomposition, the correlation matrices T , ID , and EH,q can be, respectively, expressed as
where U T , U EH,q , and U ID are unitary matrices, whose columns are eigenvectors of T , EH,q , and ID , respectively; T , EH,q , and ID are diagonal matrices whose diagonal entries are the eigenvalues of T , EH,q , and ID , respectively.
This work assumes the receiver has perfect CSI, whereas the transmitter has only statistical CSI (that is, the transmitter only knows correlation matrices T , EH,q , and ID ). In this case, the linear precoding problem is actually the design of optimal matrix W based on the statistical CSI, which maximizes the average mutual information from the transmitter to the ID receiver under the constraints of transmit power and average harvested energy.
When input signal x is taken equiprobably from a discrete constellation with cardinality , the average mutual information between x and r ID is given by
where I(x; r ID |H ID ) represents the instantaneous mutual information between x and r ID given channel H ID , which is given by [15] I(x; r ID |H ID ) = M T log − 1
where b ij is equal to (x i − x j ) in which x i and x j are input signals containing M T symbols taken from the -ary constellation. Proposition 1: The average mutual information I A (W) of doubly correlated MIMO channels with finite-alphabet inputs can be lower bounded by
where r z denotes the z-th diagonal element of ID .
Proof: See Appendix A. Similar to [16] and [17] , when the signal-to-noise ratio (SNR) approaches 0 and +∞ (i.e., σ 2 approaches +∞ and 0, respectively), the limits of I A (W) are 0 and M T log while the limits of I L (W) are −M ID (1/ln2 − 1) and M T log − M ID (1/ln2 − 1); for an arbitrary SNR, lower bound I L (W) plus a constant shift M ID (1/ln2 − 1) offers a very good approximation to average mutual information I A (W). Therefore, the precoder design based on maximizing I L (W) provides almost the same performance as that based on maximizing I A (W) directly. Moreover, I A (W) depends on the expectation over H ID and V ID while I L (W) involves no expectation operations, so the precoder design based on maximizing I L (W) reduces the computational complexity significantly.
For the SWIPT scenario considered in this paper, our goal is to maximize the lower bound of average mutual information under the constraints of given transmit power and average 
where P represents the transmit power constraint, and R denotes the threshold of average harvested power. Optimization problem (11) is an NP-hard problem [22] , so the optimal solution can not be found within polynomial time. However, by employing the structure of optimization problem, we develop two algorithms to achieve a near optimal solution of problem (11).
III. SOLVING ALGORITHMS
In this section, we provide two solving algorithms for problem (11) . Both algorithms, which are based on SDR and power allocation, respectively, transform problem (11) to a concave maximization problem, which can be solved conveniently using IPM or general purpose solvers like CVX.
A. SDR-BASED ALGORITHM
This subsection discusses the SDR-based algorithm. We show that problem (11) can be transformed to an optimization problem with respect to a symmetric PSD matrix. Then, the SDR technique is used to obtain an SDP problem. After solving the SDP problem, we provide an algorithm based on Gaussian randomization to obtain an approximate optimal solution of problem (11) .
The objective function (11a) can be rewritten as
where
Then we can obtain the equivalent expression of (12) as following:
where D = ww T is a rank one symmetric PSD matrix. 
Let
then (16) 
Now, using the analysis above, problem (11) can be reformulated equivalently as
where it can be verified that A ij and F are both symmetric matrices. Problem (19) is a nonconvex problem because the rank constraint rank(D) = 1 is nonconvex. By dropping constraint (19e), we obtain the following relaxed version of (19) :
which, as the SDR of problem (19) , is an instance of SDP. Problem (20) is an SDP problem, so it can be solved by existing general solver such as CVX [23] . After obtaining the optimal solution D * of problem (20), we can extract an approximate optimal solution w * satisfying problem (19) by using the Gaussian randomization technique [28] , whose details are shown in algorithm 1; then, w * is recovered to an approximate optimal solution W * of problem (11).
B. POWER-ALLOCATION-BASED ALGORITHM
Besides the SDR-based algorithm discussed above, to solve problem (11) , this subsection provides an alternative algorithm based on power allocation. We show that, for problem (11), the left and right singular vector matrices of the precoder can be predetermined; further, we prove that problem (11) is actually a concave problem with respect to the diagonal matrix of the precoder. Based on these results, a near Else, return to 2. 8: end for 9: Extract an approximate solution w * := w k , where k = arg min
optimal precoder can be designed by using a power allocation algorithm. For problem (11), we have the proposition as following:
The left singular vector matrix of the optimal precoder for problem (11) can always be chosen to be the same as the eigenvectors of the transmit correlation matrix
T .
Proof: See Appendix B. Based on Proposition 2, the precoder for problem (11) can be chosen as
where W is a diagonal matrix and V W is a unitary matrix. In this case, objective function (11a) and constraint (11c) are, respectively, given by 
. (25) Proposition 3: Optimization problem (24) is a concave problem with respect to 2 W . Proof: According to [17] , the objective function of optimization problem (24) [26] , right singular vector matrix V H W can be set simply to be the modulation diversity matrix V mod , i.e., V H W = V mod , which can also yield a near optimal solution, where
with parameter β n given by (27) in which the rotation angle γ mod depends on the type of modulation, and it equals 1, 1/2, and 1/2 for binary phase shift keying (BPSK), quadrature phase shift keying (QPSK), and 16 quadrature amplitude modulation (16QAM), respectively. So the remaining part of the precoder, which needs to be optimized, is only the power allocation matrix 2 W . Now optimization problem (24) can be rewritten as W can be achieved by CVX or IPM; then a near optimal precoder is obtained by using (21) .
Remarks: (i) Both SDR-based algorithm and power-allocation-based algorithm can be used to approximately solve optimization problem (11) . For the former, a near optimal precoder, as the optimization variable, is directly obtained by solving the VOLUME 7, 2019 optimization problem, so it is a general solving framework. In comparison, for the power-allocation-based algorithm, one has to make sure whether the left singular matrix of the near optimal precoder can be predetermined, which depends on the structure of the optimization problem. For the statistical CSI case considered in this paper, we have proved that it can be done in this way; however, for the perfect CSI case, it does not work [20] . So the power-allocation-based algorithm may have some limitations in application.
(ii) It is worth noting that, according to (8)- (10), both the average mutual information and its lower bound depend on the constellation cardinality and the number of transmit antennas M T through M T , which is distinctly different from the expression of mutual information with Gaussian inputs. Therefore, for rich constellations or large numbers of antennas, the proposed algorithms can work but the complexity will increase.
C. COMPLEXITY OF BOTH ALGORITHMS
As mentioned earlier, both the proposed algorithms can be solved via the IPM. For the SDR-based algorithm, when problem (20) is solved, the number of iterations is linear in 2M 2 T , where 2M 2 T is the dimension of optimization variable D [27] . Let C SDR denote the complexity of calculating the objective function and its gradient in each iteration, then the complexity of solving SDP problem (20) is O( 2M 2 T · C SDR ). In the subsequent randomization process with K randomizations, the operation count is O K (2M 2 T ) 2 . Therefore, the complexity of the SDR-based algorithm is
Similarly, for the power-allocation-based algorithm, the complexity of solving problem (28) is given by
where M T is the dimension of optimization variable 2 W and C PA denotes the complexity of calculating the corresponding objective function and its gradient in each iteration.
For problem (20) , the calculation of objective function and its gradient is with respect to a matrix with 2M 2 T dimensions; in comparison, the calculation of objective function and gradient for problem (28) only involves an M T -dimensional matrix, which means C SDR > C PA . Comparing (29) and (30), we can see that the power-allocation-based algorithm offers higher efficiency than the SDR-based algorithm when used to solve problem (11) . In this paper, both algorithms are presented, and we will show in section IV that they provide very close performance, which validates the correctness of theoretical analyses above.
IV. SIMULATION RESULTS
In this section, the performance of two precoder designs maximizing average mutual information in MIMO systems with SWIPT is evaluated by simulation. We consider a MIMO system with finite-alphabet inputs and statistical CSI, where the N -dimensional correlation matrix of channel is constructed by
with T = (ζ T ) and EH(or ID) = (ζ EH(or ID) ) [17] . For simplicity, we only simulate the SWIPT system with one ID receiver and one EH receiver, in which both separated and colocated receiver schemes are investigated. The SNR is defined as SNR = P/(M T σ 2 ). In simulations, general solver CVX is used to solve the formulated problems. (20) and (19) , respectively, which is obtained by using the corresponding lower bound plus the constant shift M ID (1/ln2 − 1). Here, the harvested energy threshold is assumed to be 6 W. Let I * SDR denote the average mutual information resulting from the optimum value of problem (19) . Then, we have I SDP ≥ I * SDR ≥ I SDR . Since I * SDR is not practically available, we use simulations to obtain an empirical ratio of I SDP and I SDR to estimate the quality of I SDR . Let τ = I SDR /I SDP , then τ is always less than or equal to 1. A τ close to 1 denotes a small relaxation gap between problems (19) and (20) . As seen in Fig. 2 , empirical ratio τ is very close to 1. So the SDR method provides a good approximate performance. For more discussion on the value of empirical ratio, refer to [28] and examples in it. Fig. 3 shows average mutual information versus SNR for a 2 × 2 MIMO system with separated EH and ID receivers and QPSK inputs, where ζ T = 0.95, ζ ID = 0.5, ζ EH = 0.8, and given harvested energy threshold R = 6 W. As shown in Fig. 3 , the SDR-based precoder design offers almost the same performance as the precoder design based on power allocation, which means that our earlier analysis is correct. Moreover, for a wide range of SNR, their performance in the finite-alphabet input case is very close to the performance upper bound, which is achieved by the Gaussian-input-based optimal precoder, i.e., the statistical waterfilling scheme [29] , in Gaussian input case. As SNR increases, the gap between the upper bound and the performance of the proposed precoders grows larger, because the average mutual information of finite-alphabet inputs is bounded while the average mutual information of Gaussian inputs keeps increasing. For this case, higher modulation order can be used to improve the average mutual information. As also shown in Fig. 3 , severe performance degradation happens to the optimal precoder designed for Gaussian input signals when the inputs are replaced by finite-alphabet signals, in which case the corresponding performance is even worse than that of finitealphabet inputs without precoding. Fig. 4 shows the co-located receiver case with BPSK inputs, where ζ T = 0.9, ζ ID = ζ EH = 0.8, and R = 6 W. The trend is similar to the separated receiver case. Specifically, the proposed algorithms based on SDR and power allocation offer almost the same performance, and they yield the highest average mutual information in the finite-alphabet input case, which is close to the performance upper bound over a wide SNR range; in comparison, the optimal precoder designed based on Gaussian inputs has the worst performance when the inputs change to finite-alphabet signals. Figs. 5 and 6 present the simulation results of the proposed algorithms for a richer constellation and a larger number of antennas. In Fig. 5 , a 2 × 2 MIMO system with 16QAM signals and separated receivers is considered while, in Fig. 6 , we investigate a 4 × 4 MIMO system with QPSK modulation and co-located receivers. The harvested energy threshold is still set to 6 W. It can been seen that both the proposed algorithms still exhibit the best performance in the two cases. Moreover, with the increase of constellation cardinality and antenna number, the performance achieved by the proposed algorithms is closer to the performance upper bound in a wide range of SNR. However, as mentioned earlier, the increase of constellation cardinality and antenna number means that more resources are needed to compute the average mutual information, finally adding more complexity to the proposed algorithms.
V. CONCLUSION
In this paper, the linear precoder design maximizing the average mutual information in an SWIPT-enabled MIMO system with only statistical CSI known at the transmitter has been investigated. Different from existing works, this paper focuses on the realistic system with finite-alphabet inputs. Although the optimal precoder design is an NP-hard problem, two algorithms, based on SDR and power allocation, respectively, have been developed to achieve a near optimal solution. Simulation results have verified the efficacy of proposed algorithms in maximizing average mutual information under the requirements of transmit power and harvested energy. Additionally, the research results of this paper can be easily extended to existing receiver schemes such as time switching and power splitting. 
